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Supplementary Methods

Description of the TrustGauss functions
The main function of the “TrustGauss” package sstGauss() and it can take 29 arguments that are
described in the documentation to the functionthiatican be accessed via

> ?Trust Gauss

TrustGauss() can be used to assess type | eresr abtinear regression models that are fittedugho
a call to the base R function gim(). We here byisfimmarize each of the 29 arguments. Default
settings for each argument are given in the doctatien to the function.

1.Fani | y. This argument takes a character input and spedtfie error distribution and link
function to be used in the generalized linear mdtiean take one of the following values:
“gaussian”, “poisson”, “binomial”, “quasipoissorfuasibinomial” or “Gamma”. Since the
argument is passed directly to the gim() functtbe, link function can be specified in the standard
way, for example as “gaussian(link = ‘identity’Bee also the gim() function for further details.

2.nSanpl es. This argument takes a numeric integer input, ifpeg the number of samples/data
points to simulate.

3.nSi mul at i ons. This argument takes a numeric integer input, ifpeg for how many iterations
the simulation will run.

4.SaveAl | Qut put . This argument is Boolean. If it is set to TRUEjradividual data points of the
dependent and independent variables are returreeish They can be found in “Data” with
column names “Dependent”, “Cov1”, “Cov2”, ..., “Rd¢“Fac2”, ... (depending on what
combination of covariates and factors is specifseg below).

5.Conpar eTt est . This argument is Boolean. If it is set to TRUWEyalues are calculated through
both the gim() and the t.test() function. This iidyovalid when a single factor with two levels is
fitted as the independent variable with distribotget to “UniformCategorical”’ (see below).

6. Pl ot Exanpl e. This parameter is Boolean. If it is set to TRIOBe example histogram of the
distribution of the dependent variabfes plotted.

7.Di stributionY. This argument takes a character input and spedifie distribution of the
dependent variablé. It can take one of the following values: “GausijdGaussianCategorical”,
“GaussianZero”, “AbsoluteGaussian”, “Gamma”, “Gan@asegorical”,
“GaussianZeroCategorical”, “Binomial”, “NegativeBimial”, “StudentsT”, “Poisson” or
“Uniform”. In principle, the base R functions foegerating randomly distributed Gaussian
[rnorm()], Gamma [rgamma()], binomial [rbinom()legative binomial [rnbinom()], Student’s t
[rt(], Poisson [rpois()] or uniform [runif()] vaables are used. Parameters for all distributions ca
be specified (see below). “GaussianCategoricalegates normally distributed integers.
“GaussianZero” generates a zero-inflated normatfildigion. “AbsoluteGaussian” simulates
absolute values of a Gaussian distribution. “Gauns&roCategorical” first generates a zero-
inflated normal distribution and then produces gaties. “GammaCategorical” generates gamma
distributed integers.

8.Di stri buti onXCov. This argument takes a character input and spsdtfie distribution of the
independent covariate It can take the same values as Distribution¥s #lso possible to specify
multiple different distributions in order to fit mothan one covariate (as a vector). Additionatly,
can be set to NULL if only factors should be fitted
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9.Di stri buti onXFac. This argument takes a character input and spsdtfie distribution of the
independent factoX. Only the categorical distributions are valid itp(fGaussianCategorical”,
“GammaCategorical”, “GaussianZeroCategorical”, “@imal” or “UniformCategorical”). It is
also possible to specify multiple different distriilons in order to fit more than one factor (as a

vector). Additionally, it can be set to NULL if gntovariates should be fitted.

The following arguments specify parameters fordiséributions of the independent and dependent
variables.

10.MeanY. gauss. This argument takes a numeric input, specifyirggrhean of the distribution of
Y, if DistributionY is set to “Gaussian”, “Gaussiaa€gorical’, “GaussianZero”,
“GaussianZeroCategorical” or “AbsoluteGaussian’e 8kso the rnorm() function for further
details. The operations of categorization, takimgdbsolute value or adding zero-inflation are
performed after the call to the rnorm() function.

11.SDY. gauss. This argument takes a numeric input, specifyirgdtandard deviation of the
distribution ofY, if DistributionY is set to “Gaussian”, “Gaussiag€gorical”, “GaussianZero”,
“GaussianZeroCategorical” or “AbsoluteGaussian’e 8kso the rnorm() function for further
details. The operations of categorization, takhmgdbsolute value or adding zero-inflation are
performed after the call to the rnorm() function.

12.nCat egori esY. cat . This argument takes a humeric integer input, ifpgrg how many
categories are simulated, if DistributionY is set®@aussianCategorical’ or “GammacCategorical”.

13.zeroLevel Y. zer 0. This argument takes a numeric input, specifylrggproportion of data that
will be set to O, if DistributionY is set to “GauasZero” or “GaussianZeroCategorical”.

14.ShapeY. gamma. This argument takes a numeric input, specifyirgshape parameter Kk, if
DistributionY is set to “Gamma”, “GammaCategorical’“NegativeBinomial”. See also the
rgamma() and rnbinom() functions for further detaategorization is performed after the call to
the rgammay() function.

15.Scal eY. gamma. This argument takes a numeric input, specifyirggdcale parameter capital
theta, if DistributionY is set to “Gamma”, “Gamma€gorical” or “NegativeBinomial”. See also
the rgammay() and rnbinom() functions for furthetails. Categorization is performed after the call
to the rgammay() function.

16.DFY. st udent . This argument takes a numeric input, specifyirgdegrees of freedom, if
DistributionY is set to “StudentsT”. See also tt(¢ function for further details.

17.M nY. uni . This argument takes a humeric input, specifyirggrhinimum of the distribution, if
DistributionY is set to “Uniform”. See also the rf{ipfunction for further details.

18.MaxY. uni . This argument takes a numeric input, specifyiregrnaximum of the distribution, if
DistributionY is set to “Uniform”. See also the rf{ipfunction for further details.

19.Lanbday. poi s. This argument takes a numeric input, specifyiregrnean of the distribution, if
DistributionY is set to “Poisson”. See also theispofunction for further details.

20.MeanX. gauss. This argument takes a numeric input, specifyirgrnean of the distribution of
the independent variabl¢ if DistributionX is set to “Gaussian”, “Gaussiast€gorical”,
“GaussianZero”, “GaussianZeroCategorical” or “Ahgel5aussian”. See also the rnorm() function
for further details. See also the rnorm() funcfionfurther details. The operations of
categorization, taking the absolute value or adderg-inflation are performed after the call to the
rnorm() function.

21.SDX. gauss. This argument takes a numeric input, specifyirggdtandard deviation of the
distribution of the independent variat{eif DistributionX is set to “Gaussian”,

3
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“GaussianCategorical”, “GaussianZera”, “GaussianZategorical” or “AbsoluteGaussian”. See
also the rnorm() function for further details. $¢%0 the rnorm() function for further details. The
operations of categorization, taking the absolalee/or adding zero-inflation are performed after
the call to the rnorm() function.

22.nCat egor i esX. cat . This argument takes a numeric integer input, ifperg how many
categories are simulated, if DistributionX is setGaussianCategorical” or “GammaCategorical”.

23.zeroLevel X. zer 0. This argument takes a numeric input, specifyirggroportion of data that
will be set to 0, if DistributionX is set to “GauasZero” or “GaussianZeroCategorical”.

24.ShapeX. ganma. This argument takes a numeric input, specifyiregghape parameter Kk, if
DistributionX is set to “Gamma”, “GammacCategorical’“NegativeBinomial’. See also the
rgamma() and rnbinom() functions for further detaategorization is performed after the call to
the rgammay() function.

25.Scal eX. ganma. This argument takes a numeric input, specifyirggdcale parameter capital
theta, if DistributionX is set to “Gamma”, “Gamma€gorical” or “NegativeBinomial’. See also
the rgammay() and rnbinom() functions for furthetaile. Categorization is performed after the call
to the rgammay() function.

26.DFX. st udent . This argument takes a numeric input, specifyirggdegrees of freedom, if
DistributionX is set to “StudentsT”. See also tt(¢ function for further details.

27.M nX. uni . This argument takes a numeric input, specifyirgrhinimum of the distribution, if
DistributionX is set to “Uniform”. See also the rf{ipfunction for further details.

28.MaxX. uni . This argument takes a numeric input, specifyirggrhaximum of the distribution, if
DistributionX is set to “Uniform”. See also the if{hfunction for further details.

29.LanbdaX. poi s. This argument takes a humeric input, specifyirggrhean of the distribution, if
DistributionX is set to “Poisson”. See also theisfofunction for further details.

The function TrustGaussTypell() can be used foramaysis of type Il error rates as described @ th
main text. It adds a predefined effect to a simgleariate only. All arguments can be accessed via

> ?Trust GaussTypel |
The function takes all the above 29 argumentsefTitustGauss() function and two additional ones.

30.Ef f ect XCov. This argument takes a numeric input, specifyiregeffect size that should be
simulated.

31.ZTr ansf or m This argument is Boolean. If it is set to TRUIe tistributions of the dependent
variableY and the independent varia{eare Z-transformed prior to adding the effect sjpetivia
EffectXCov.

The function TrustGaussLMM() can be used to fieéin mixed-effects models and to assess type |
error rates. It takes the above 29 arguments of thstGauss() function. Furthermore, a single
random effect can be specified via

32.RanEF. This argument is Boolean. If it is set to TRUEIrgle random effect is fitted.
33.nRanEFLevel s. This argument takes a numeric integer input, if§peg how many repeated
measures for each sampling points are generated.



139
140
141
142
143
144
145
146
147
148
149
150
151
152
153
154
155
156
157
158
159
160
161
162
163
164
165
166
167
168
169
170
171
172
173
174
175
176
177
178
179
180
181
182
183
184
185

34.RanEFVar Exp. This argument takes a numeric input, specifyirgamount of variance
explained by the random effect. This amount is @alyrect if the variables are normally
distributed.

The three functions in TrustGauss return a lishaitleast five elements

1. A data framéval s with all P-values of covariates and factors. It has as mawsg s simulation
runs (nSimulations) and as many columns as fittedéates and factors. Each row represents the
P-values of a single iteration. Column names arin@fform “PCovl”, “PCov2”, ..., “PFacl”,
“PFac?2”, ... (depending on what combination of coats$ and factors is specified). If
CompareTtest was set to TRUE, a two column datadrs returned with columns “PFacl” and
“PTtest”. The second column representsRhalues of d-test.

2. A data framdres CCC. It has as many rows as simulation runs (nSimadadi and six columns.
Each row represents the following estimates ohglsiiteration: Column “PSWY” contains &t
values of a Shapiro-Wilk test for normality of ttiependent variablg, column “PSWRes”
contains alP-values of a Shapiro-Wilk test for normality of tresiduals, column “rho” contains
the concordance correlation coefficient (Lin 19B8)ween observed and expected residuals
assuming normality for each model. We use the qgfjdiunction to generate the expected values.
Columns “s.shift”, “l.shift” and “C.b” contain thecale shift, the location shift and the bias
correction factor of the concordance correlatioim 1989). We use the CCC() function of the
DescTools R package (v0.99.25; Signorell & mult28I18) for estimating these parameters.

3. A vectorAl phas. 05 that contains the type | error rate ataevel of 0.05 for each of the fitted
covariates and factors summarized across all stionlauns.

4. A vectorAl phas. 001 that contains the type | error rate atalevel of 0.001 for each of the
fitted covariates and factors summarized acrossiralllation runs.

5. A data frameéhapi r oW | k, which is a summary of the data frame ResCCC it row and
six columns. Column “Mean.PSWR” contains the mBaralue of the Shapiro-Wilk tests for
normality of the residuals, calculated as

1Onean( | 0g10( ResCCC$PSVRes) )

Columns “QL.PSWR” and “QU.PSWR” provide the lowedaupper 95% quantiles of tire
values of the Shapiro-Wilk tests for normality bétresiduals. Column “Mean.PSWY” contains
the mearP-value of the Shapiro-Wilk tests for normality betdependent variablé calculated as

1Omaan( | 0g10( Res CCC$PSWY) )

Columns “QL.PSWY” and “QU.PSWY” provide the lowandupper 95% quantiles of tike
values of the Shapiro-Wilk tests for normality bétdependent variable.

6. If the argument SaveAllOutput is set to TRUHsBDat a that contains as many data frames as
there are dependent and independent variabled. fiitee data frames are named “Dependent”,
“Covl”, “Cov2", ... “Facl”, “Fac2”, ... (depending onlvat combination of covariates and factors
is specified). In each of these data frames theegabdfY (Dependent) ani (all the other data
frames) are stored. Each of these data framesshasuay rows as simulation runs (nSimulations)
and as many columns as the specified sample star(ples). Each row represents the data values
of a single iteration.
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The function TrustGaussTypell() returns one moeeneint

7. A data framéf f ect s with the parameter estimates of the covariate aitladded effect. It has as
many rows as simulation runs (nSimulations) andelmolumns. Each row represents the
parameter estimates of a single iteration. Columtefcept” contains the estimate of the intercept,
column “Estimate” contains the slope estimate aidman “SE” the standard error of the slope
estimate.

The function TrustGaussLMM() returns the samedssthe TrustGauss() function with one additional
element

8. A vectorVar Exp that contains the proportion of variance explaibgdhe single random effect
fitted in the mixed-effects model. Each elementhefvector corresponds to a single iteration.
Thus, it has as many elements as simulation rusisninations).

Description of the data generating functions

All of the above three functions in the TrustGapaskage generate data for the dependent vaiable
and the independent variab{eghrough calls to the base R functions rnorm()rmgea(), rbinom(),
rnbinom(), rt(), rpois(), runif() and sample(). Heefunctions draw random values with specified
parameter arguments from a Gaussian, Gamma, bihoragative binomial, Student’s t, Poisson,
uniform (floating numbers) or uniform (integers¥wlibution, respectively. The distributions
“GaussianCategorical”, “GaussianZero”, “GaussianZategorical”, “AbsoluteGaussian” and
“GammaCategorical” make use of additional functitmgenerate categories, to take absolute values
or to introduce zero-inflation after a call to rnd) or rgamma(), thereby changing the specifiedmmea
and standard deviation or shape and scale. Tdldts the specific parameter settings for the ten
distributions simulated in the main text (DO-D9gufes 1A and S2A display histograms of the

distributions DO-D9.

A typical call to TrustGauss()

Assume we want to run a simulation with 100 obgi#maa in each of 50,000 iterations. We specify
the Family argument as “Gaussian” to fit a lineadel with identity link. See the glm()
documentation for details on the Family argumeriés is equivalent to fitting a linear model
assuming normally distributed errors. Since we madso be interested in the individual observations
of each simulation run, we specify SaveAllOutputtJER This will save the 100 x 50,000 =
5,000,000 data points of the dependent variglalad the 5,000,000 observations of the preditor
We want the dependent variaiéo be distributed as the absolute values of a Saslistribution

with mean 0 and standard deviation 1. The indepgng®iableX should be a single covariate that is
Gamma distributed with shape 1.5 and scale 10.,Tdwscall to TrustGauss() looks like this

> sim <- Trust Gauss(Fam | y="gaussi an", nSanpl es=100,
nSi mul ati ons=50000, SaveAl | Qut put =TRUE,
D stributionY="Absol ut eGaussi an", DistributionXCov="Gmm",
Di stributi onXFac=NULL, MeanY.gauss=0, SDY.gauss=1,
ShapeX. gamma=1. 5, Scal eX. ganma=10)

A progress bar is going to indicate the progregt®kimulation, which is updated after every
iteration. As soon as the simulation has finishegl can access every element of the resultingHast.

6
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example, if we want to obtain the data frame ofvilathal P-values for every iteration in this call to
TrustGauss(), we can access it via

> si nBPval
A summary of the type | error rate at@tevel of 0.05 is accessible through
> si Al phas. 05

In this call to TrustGauss() with a single covagjdhis will yield only a single value for the
independent variabl¥. If we had multiple covariates or factors spedifia separate type | error rate
for each of them would have been displayed.

Description of the basic simulations

After specifying the input arguments for the TrustGs()function (see above), the simulation starts
by generating uncorrelated data for the dependemahleY and the independent variat{eaccording
to the input parameters. Following our above examgpecifying a sample size of nSamples = 100
and the distribution of as DistributionY = “AbsoluteGaussian” with Mean¥ugs = 0 and
SDY.gauss = 1, the function generates dat fas

>y <- abs(rnorm(n=100, nmean=0, sd=1))

Similarly, for the independent variab¥ewe specify DistributionX = “Gamma” with ShapeX.gama
= 1.5 and ScaleX.gamma = 10. Then, the functiorigdas data foX as

> X <- rganma(n=100, shape=1.5, scal e=10)

After the data generating step, two linear modeddfitted using the Family argument (argument 1)
from above

> nmodl <- glnmly ~ x, famly=Famly)
> nmod2 <- glmly ~ 1, fanmly=Famly)

The models are compared via
> anova(nodl, nod2)

We keep thd>-value of this model comparison and start the rtexation by generating data fgr
andX again. The number of iterations was set to nSitimria = 50,000 in all our simulations. We
further set Family = “gaussian”, with the exceptadimodels with a Poisson error structure that are
highlighted as such in the main text.

Because the data fdrandX are uncorrelated, we expect 5% of all models ¢tdyaP-value< 0.05.

If more than 5% of all models havéPavalue< 0.05, then the type | error rate is inflated (ice

many models yield “significant” results), wherebess models haveRvalue< 0.05, then they are
conservative, yielding too few “significant” reslin Figure 1, combinations ¥fandX that produce
inflated type | error rates are coloured red ams¢hyielding conservativie-values are coloured blue.
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Introduction of heteroscedasticity

First, we sampled the independent variabfeom a binomial distribution, where we varied the
success rate from 0.2 to 0.8 in steps of 0.1. Wiartbe independent variab¥ewas equal to 0, we
sampled the dependent varialleither from distribution DO or D7 (see Table 1)eVAlso introduced

a third distribution D7.1, which was negative binahwith mean 0.5 and a variance of 1 (with the
rational of introducing the same absolute diffeeimcvariance as in D0O). Whenever the independent
variableX was equal to 1, we sampled the dependent vaffiadrtethe same distribution but with a
10-times larger variance. We assessed the effébisteroscedasticity with sample sizes\Nof 100

andN = 1000. We then fitted a glm either with a Gaussina Quasipoisson error structure, where we
tested the significance of the independent varigbia a likelihood ratio test. We fitted these madel
to 50,000 datasets for each combination of thertlig® and predictor variable with two sample sizes
(i.e. 3 distribution of the dependent variable éistributions of the independent variable x 2 sampl
sizes = 42 combinations, each with a GaussianQuasipoisson error structure).

Second, we introduced a second independent vadatblat we sampled from a uniform distribution
with five levels. The other predictor and the deafet variabley were sampled as described above
with sample sizes dfl = 100 andN = 1000. We then fitted a gim either with a Gaussina
Quasipoisson error structure, where we testedigingfisance of the interaction between the two
independent variables via a likelihood ratio t#ge fitted these models to 50,000 datasets for each
combination of the dependent and predictor vargabliéh two sample sizes as well.

For each simulation run, we recorded the variandhée two groups (as defined by the predictor
variable with two levels, see above). We summarthedb0,000 simulation runs by calculating (1)
the type | error rate as the number of simulatigith a P-value< 0.05 / the number of all simulation
runs (i.e. 50,000) and (2) the mean observed difiez in variances between the two groups (see
Table S5).
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Supplementary Figures

Figure S1 |All simulated combinations of the dependent vdeaband the predictoX that were

fitted in linear regression models for sample sides10, 25, 50, 100, 250, 500, 1000. Figure names
are constructed as “X” <Distribution nameXof “_Y” <How many distributions o¥>

“Distributions_N" <Sample size>“_Sim” <Number afrgilation runs>, such that the file
“XDO0_Y10Distributions_N10_Sim50000” shows resuitsrh all 50,000 simulation runs where the
predictorX was normally distributed, the independent variabiead ten different distributions (DO—
D9) and the sample size wids= 10. In each of the 7 x 10 = 70 figures, thenteft column depicts

the distribution ofY, the second column depicts the distributioiXothe third column a QQ-plot of

the residuals and the forth column a QQ-plot of-tbgo(P-values). Residuals were distributed as the
dependent variablé because the regression coefficientas on average zero.

Provided as supplementary figures (.jpg) on the Open Science Framewor k homepage.
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324  Figure S2 |Summary of linear model diagnostics for all 100x=1100 combinations of the dependent
325  variableY and the predictaX depicted in ). The numbers DO-D9 refer to the plots inBA-E)

326  where on thé&r-axis the distribution of the dependent variabld an theX-axis of the predictor is
327 indicated. B) Type | error rate at amlevel of 0.05 for sample sizes Nf= 10, 100 and 1000. Red
328  colours represent increased and blue conservagdeel terror rates. &) Mean proportion of

329  studentized residualf)( exceeding the critical value Bf> 2 as a measure of discrepancy. A large
330 discrepancy value represents an observation whegsendent variabl¥ is unusual given its value of
331  the predictoiX. It is thus influenced predominately by the disition ofY. (D) Mean proportion of
332  hat valuesHl) exceeding the critical value bf > (2 x k + 1)) /n as a measure of leveragds the

333  number of regression slopes an the number of observations. A large leveradee/eepresents an
334  observation whose predictdris unusual given its value of the independentalde. It is thus

335 influenced predominately by the distribution>0f(E) Mean proportion of Cook’s distand®)(

336  exceeding the critical value B> 4/ (- k - 1) as a measure of influence. Influence reptssée

337  product of discrepancy and leverage (Zuur, lenanditls 2007; Ramsey & Schafer 2013).
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Figure S3 |All simulated combinations of the dependent vdeatand the last of four predictoks
that were fitted in linear regression models. Tihst three predictors were normally distributed and
the distribution of the last one was varied. Tha@a size wadl = 100. For a description of file
names and content see Figure S1.

Provided as supplementary figures (.jpg) on the Open Science Framework homepage.
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Figure S4 |All simulated combinations of the dependent vdeiaband the predictaX fitted in linear
random-intercept models. We simulatéet 100 independent samples each of which was sample
twice, such that the single random effect explaimmegyhly 30% of the variation M. For a
description of file names and content see Figure S1

Provided as supplementary figures (.jpg) on the Open Science Framework homepage.
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351

352  Figure S5 |Power, bias and precision of parameter estimabes Gaussian linear regression models
353 forall 10 x 10 = 100 combinations of the dependemitableY and the predictaX at a regression

354  coefficientb = 0.15. A) Overview of the different distributions that wienalated, which were the

355 same as in Figure 1. The numbers DO-D9 refer tpltite in B—E) where on th&-axis the

356  distribution of the dependent variable and onXkexis of the predictor is indicated ) Power for

357 sample sizes dfl = 10, 100 and 1000. Red colours represent incdgaaeer. C) Deviation of power
358 from the expected value derived from a normallyrdigtedY andX for sample sizes df = 10, 100
359 and 1000. Red colours represent increased and:blaers decreased powel)(Bias and )

360 precision of the regression coefficient estimatesample sizes ¢ = 10, 100 and 1000.
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362

363  Figure S6 |Power, bias and precision of parameter estimabes Gaussian linear regression models
364  for all 10 x 10 = 100 combinations of the dependemiableY and the predictoX at a regression

365  coefficientb = 0.25. A) Overview of the different distributions that wienalated, which were the

366 same as in Figure 1. The numbers DO-D9 refer tpltite in B—E) where on th&-axis the

367  distribution of the dependent variable and onXkexis of the predictor is indicated ) Power for

368 sample sizes dfl = 10, 100 and 1000. Red colours represent incdgaaeer. C) Deviation of power
369 from the expected value derived from a normallyritistedY andX for sample sizes df = 10, 100
370 and 1000. Red colours represent increased and:blaers decreased powel)(Bias and )

371  precision of the regression coefficient estimatesample sizes df = 10, 100 and 1000.
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372
373
374
375
376

Figure S7 |All simulated combinations of the dependent vdeaband the predictoX fitted in
generalized linear models with a Poisson errocsire. The sample size wiis= 100. For a
description of file names and content see Figure S1

Provided as supplementary figures (.jpg) on the Open Science Framework homepage.
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377 Supplementary Tables

378

379 Table S1 |Observed and expected power of a regression nodedlich both the dependent variable
380 Y and the predictaX are normally distributed with mean 0 and standkedation 1. The expected
381  power was calculated using the power.SLR() functiom the powerMediation R package (v0.2.9,

382  Dupont & Plummer 1998; Qiu 2018). The observed pomas estimated using 50,000 simulations.
383

Sample Mean of Expected power at Expected power at Observed power at Observed power at

size  slopeb a=0.05 o =0.001 a=0.05 a=0.001
10 0.15 0.064 1.20 x 16° 0.069 1.48 x 10°
10 0.20 0.077 1.38 x 16° 0.084 2.26 x 10°
10 0.25 0.094 1.64 x 16 0.106 3.44 x 10°
100 0.15 0.321 0.032 0.316 0.034
100 0.20 0.523 0.090 0.517 0.095
100 0.25 0.724 0.210 0.714 0.218
1000 0.15 0.998 0.933 0.998 0.932
1000 0.20 1.000 0.999 1.000 0.999
1000 0.25 1.000 1.000 1.000 1.000
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384  Table S2 |Distributions and effect sizes used for assedsiagnterpretability and power of Gaussian
385  versus binomial and Poisson models at a sampleside= 100 in 50,000 simulation runs. Each

386 combination of the dependent variafland predictoX was fitted in a glm using a Gaussian error
387  structure and the appropriate error structure aicgito the distribution of. The effect sizes were
388 chosen such that we reached a power of around 0.5.

389
Sampling Sampling MeanY VarianceY MeanX Variance X Effect Back-transformed
distribution Y  distribution X effect’
Poisson Gaussian 1 1 0 1 0.2 1.22
Poisson Gamma 1 1 10 100 2.2 9.03
Poisson Binomial 1 1 0.75 0.19 0.1 111
Binomial Gaussian 0.75 0.19 0 1 0.45 0.61
Binomial Gamma 0.75 0.19 10 100 4.2 0.99
Binomial Binomial 0.75 0.19 0.75 0.19 0.2 0.55

390 # Back-transformation was done by using the funstigiogis() for binomial models and exp() for Poissaodels.
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391  Table S3 |Summary of type | error rateg)( scale shift parameters)( mean observe-values at an expected value of#hd 10" and the resulting bias
392  from 50,000 simulation runs across all 10 x 10 & é@mbinations of the dependent variablend the predictaX.

393

Sample size  Mean a (range) Mean v (range) Mean P at 10° (range) Mean P at 10* (range) Bias at -log,P=3 Bias at -log P=4

10 0.048 (0.015-0.1102.437 (0.696-51.350¥.72 x 102 (2.59 x 10°-7.00 x 1¢) 7.96 x 107! (6.31 x 10*>1.05 x 1¢F) 3.704 (0.718-41.5295.025 (0.744-32.050)
25 0.048 (0.019-0.073) 1.065 (0.771-2.461) 1.96 x 10* (2.20 x 10°-7.93 x 1¢) 3.25 x 1P (6.81 x 1"—=1.57 x 1) 1.236 (0.700-5.219) 1.372 (0.701-6.542)
50 0.048 (0.028-0.067) 1.043 (0.837-2.229) 3.64 x 10% (5.36 x 10%6.47 x 1) 5.94 x 1P (3.55 x 1(F*-1.27 x 1)  1.146 (0.730-4.090) 1.307 (0.724-5.612)
100 0.049 (0.037-0.058)1.026 (0.892-1.937) 5.04 x 10! (8.22 x 10-4.55 x 1)  1.76 x 10° (7.14 x 10:°-1.45 x 1) 1.099 (0.781-3.362) 1.188 (0.710-4.537)
250 0.049 (0.041-0.053)1.020 (0.941-1.631) 5.81 x 10% (2.49 x 1F-3.00 x 1)  2.16 x 10° (2.14 x 10>-3.31 x 10") 1.079 (0.841-2.868) 1.166 (0.870-3.667)
500 0.049 (0.045-0.052)1.014 (0.958-1.534) 6.57 x 10/ (9.12 x 1F-2.02 x 1)  3.12 x 10° (1.87 x 10:°-7.07 x 10" 1.061 (0.898—2.680) 1.126 (0.788-3.932)
1000 0.049 (0.044-0.052)1.010 (0.977-1.343) 7.51 x 10% (6.35 x 10-1.52 x 16) 3.94 x 10° (1.29 x 10“-2.52 x 1¢)  1.042 (0.939-2.066) 1.101 (0.899-3.473)
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394
395
396

Table S4 |Summary of type | error rates)( scale shift parameters)( mean observel-values at an expected value offlhd 10" and the resulting bias
from 50,000 simulation runs across all 10 x 2 @Mbinations where either the dependent varigldethe predictoX was normally distributed.

Normally
distributed variable

Sample Mean o (range) Mean v (range) Mean P at 10° (range)

size

Mean P at 10* (range)

Bias at -logP=3  Bias at -logP=4

Y

X X X X X X X < < < < < <

10 0.050 (0.048—0.052)1.005 (0.997-1.015)8.82 x 10 (6.64 x 10*~1.03 x 10)
25 0.050 (0.049-0.052)1.004 (0.990-1.015)9.90 x 10* (7.92 x 1¢*~1.22 x 1)
50 0.050 (0.049-0.051).999 (0.992—1.015)1.02 x 10° (8.06 x 1¢*~1.32 x 1)
100 0.050 (0.048-0.051)1.000 (0.993-1.005)1.02 x 10°(8.90 x 10*~1.25 x 1)
250 0.050 (0.048-0.051)1.001 (0.990-1.014)9.66 x 10 (7.49 x 10*~1.22 x 10)
500 0.049 (0.047-0.051)0.998 (0.984-1.003)9.95 x 10f (7.62 x 10-~1.28 x 10)
1000 0.050 (0.049-0.052).999 (0.989-1.017)1.06 x 10° (8.99 x 1¢f~1.36 x 1)
10 0.050 (0.048-0.052)1.003 (0.996-1.014)9.28 x 10 (7.59 x 10*~1.24 x 10)
25 0.050 (0.049-0.051).999 (0.988-1.010)1.11 x 10° (8.45 x 1¢f~1.42 x 1)
50 0.049 (0.048-0.052)0.998 (0.988-1.017)1.01 x 10° (7.53 x 1¢*~1.27 x 1)
100 0.050 (0.048-0.051)1.001 (0.996-1.005)9.98 x 10* (8.04 x 10*~1.20 x 1)
250 0.050 (0.049-0.052)1.004 (0.995-1.016)9.69 x 10 (7.49 x 10-~1.25 x 10)
500 0.050 (0.049-0.052)1.000 (0.989-1.014)9.67 x 10 (7.99 x 10*~1.16 x 10)
1000 0.050 (0.049—0.052)L.000 (0.992—1.012)1.02 x 10° (7.48 x 1¢*~1.30 x 1)

8.43 x 10° (4.01 x 10-1.55 x 1)
6.25 x 10° (3.19 x 10-1.17 x 1¢)
9.14 x 10° (4.79 x 10-1.55 x 1)
8.22 x 10° (5.90 x 10-1.32 x 1)
8.29 x 10° (3.77 x 10-1.61 x 1)
8.39 x 10° (4.20 x 10-1.79 x 1)
8.47 x 10° (5.86 x 10—1.44 x 10
9.76 x 10° (5.62 x 10—1.46 x 1)
9.73 x 10° (5.31 x 10-1.69 x 1)
1.35 x 10% (7.49 x 16—-2.03 x 10
7.64 x 10° (2.39 x 10-1.81 x 10
6.74 x 10° (2.72 x 10-1.46 x 10
1.15 x 10* (5.19 x 10-1.84 x 1)
6.92 x 10° (1.91 x 10-1.38 x 1)

1.018 (0.996-1.059)1.019 (0.952—1.099)
1.002 (0.971-1.034)1.051 (0.983-1.124)
0.997 (0.960-1.031)1.010 (0.952—1.080)
0.998 (0.968-1.017)1.021 (0.970-1.057)
1.005 (0.972-1.042)1.020 (0.949-1.106)
1.001 (0.965-1.039)1.019 (0.937-1.094)
0.992 (0.956-1.015)1..018 (0.960—1.058)
1.011 (0.968-1.040)1.003 (0.959-1.063)
0.986 (0.949-1.024)1.003 (0.943-1.069)
0.998 (0.965-1.041)0.968 (0.923-1.031)
1.000 (0.973-1.032)1.029 (0.936-1.155)
1.005 (0.968-1.042)1.043 (0.959-1.141)
1.005 (0.979-1.033)0.985 (0.934-1.071)
0.997 (0.962—1.042)1.040 (0.965-1.180)
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397 Table S5 [Summary of the heteroscedasticity simulations.éétanated type | error rates) (in glms
398  with a Gaussian or Quasipoisson error structuretlamanean observed difference in variances
399  between the two groups as defined by the predietdable with two levels (see Supplementary
400 Methods for details, expected value is 10).

401

Model Sampling P(X;=1) Sample size Gaussiane.  Quasipoisson.  Observed difference

distribution Y in variances
Y~X, DO 0.2 100 1.18 x 1C° - 11.21
Y~X, DO 0.3 100 7.70 x 10° - 10.75
Y ~X; DO 0.4 100 0.024 - 10.53
Y~X, DO 0.5 100 0.054 - 1041
Y ~X; DO 0.6 100 0.101 - 10.35
Y ~X; DO 0.7 100 0.168 - 10.31
Y~X, DO 0.8 100 0.262 - 10.24
Y ~X; D7 0.2 100 0.037 0.024 14.46
Y~X, D7 0.3 100 0.063 0.047 12.78
Y~X, D7 0.4 100 0.096 0.080 11.97
Y ~X, D7 0.5 100 0.130 0.121 11.73
Y~X, D7 0.6 100 0.176 0.180 11.37
Y ~X, D7 0.7 100 0.237 0.256 11.17
Y ~X; D7 0.8 100 0.319 0.356 10.95
Y~X, D7.1 0.2 100 0.110 0.079 19.21
Y ~X, D7.1 0.3 100 0.145 0.119 15.86
Y~X, D7.1 0.4 100 0.177 0.158 14.39
Y~X, D7.1 0.5 100 0.201 0.199 13.66
Y ~X; D7.1 0.6 100 0.219 0.244 13.12
Y~X, D7.1 0.7 100 0.207 0.283 13.42
Y ~X; D7.1 0.8 100 0.154 0.298 15.00
Y ~X, DO 0.2 1000 5.4 x 10* - 10.10
Y~X, DO 0.3 1000 6.68 x 10° - 10.07
Y ~X; DO 0.4 1000 0.022 - 10.05
Y~X, DO 0.5 1000 0.050 - 10.04
Y~X, DO 0.6 1000 0.097 - 10.03
Y ~X; DO 0.7 1000 0.166 - 10.03
Y~X, DO 0.8 1000 0.250 - 10.02
Y ~X, D7 0.2 1000 4.34 x 10° 2.80 x 10° 10.39
Y ~X; D7 0.3 1000 0.015 0.012 10.25
Y~X, D7 0.4 1000 0.031 0.028 10.20
Y ~X; D7 0.5 1000 0.062 0.059 10.15

20



D7
D7
D7
D7.1
D7.1
D7.1
D7.1
D7.1
D7.1
D7.1
DO
DO
DO
DO
DO
DO
DO
D7
D7
D7
D7
D7
D7
D7
D7.1
D7.1
D7.1
D7.1
D7.1
D7.1
D7.1
DO
DO
DO
DO
DO
DO
DO

0.6
0.7
0.8
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.2
0.3
0.4
0.5
0.6
0.7
0.8

1000
1000
1000
1000
1000
1000
1000
1000
1000
1000
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
100
1000
1000
1000
1000
1000
1000
1000

21

0.109
0.174
0.265
0.015
0.030
0.056
0.089
0.132
0.197
0.288

1.2 x 10*
2.42 x 10°
0.017
0.064
0.169
0.340
0.559
4.26 x 10°
7.40 x 10°
0.019
0.047
0.108
0.209
0.321
0.049
0.042
0.036
0.044
0.080
0.150
0.251

2 x10°
1.00 x 16°
0.011
0.051
0.146
0.306
0.526

0.108
0.176
0.270
8.56 x 10°
0.021
0.046
0.081
0.131
0.203
0.299

9.20 x 10°
0.036
0.097
0.206
0.353
0.492
0.557
0.084
0.147
0.217
0.293
0.357
0.381
0.368

10.13
10.09
10.11
10.74
10.49
10.38
10.24
10.19
10.17
10.21
11.23
10.76
10.58
10.47
10.34
10.29
10.27
14.52
12.83
12.09
11.58
11.26
11.07
11.09
20.10
15.97
14.06
13.57
13.20
13.50
15.17
10.11
10.07
10.05
10.04
10.03
10.02
10.04



Y~ X * X,
Y ~ X * %o
Y~ X * X,
Y ~ X * %o
Y ~ Xy * %o
Y~ X * X,
Y ~ X * %o
Y~ X * X,
Y ~ X * %o
Y~ X * %o
Y~ X * X,
Y~ X * %o
Y~ X * X,
Y~ X * X,

D7
D7
D7
D7
D7
D7
D7
D7.1
D7.1
D7.1
D7.1
D7.1
D7.1
D7.1

0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.2
0.3
0.4
0.5
0.6
0.7
0.8

1000
1000
1000
1000
1000
1000
1000
1000
1000
1000
1000
1000
1000
1000

4 x10°
1.24 x 16
9.82 x 10°

0.046
0.136
0.297
0.509

1.4 x 10°
1.26 x 16°
8.78 x 10°
0.037
0.115
0.259
0.449

1.4 x 10°
3.24 x 10°
0.020
0.077
0.195
0.379
0.596
1.12 x 16
0.010
0.046
0.128
0.278
0.482
0.684

10.42
10.25
10.21
10.16
10.13
10.09
10.06
10.71
10.49
10.34
10.34
10.24
10.25
10.19
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402

403
404
405
406
407
408
409
410
411
412
413
414

References

Dupont, W.D. & Plummer, W.D. (1998) Power and sagize calculations for studies involving
linear regressiorControlled Clinical Trials, 19,589-601.

Komsta, L. & Novomestky, F. (2015) moments: Momentsnulants, skewness, kurtosis and related
tests.

Lin, L.I. (1989) A concordance correlation-coeféint to evaluate reproducibiliti3iometrics, 45,
255-268.

Qiu, W. (2018) powerMediation: Power/Sample Sizé&cdation for Mediation Analysis.

Ramsey, F. & Schafer, D.W. (201B)e statistical sleuth: a coursein methods of data analysis, 3
edn. Brooks/Cole.

Signorell, A. & mult. al. (2018) DescTools: Toolw fdescriptive statistics.

Zuur, AK., leno, E.N. & Smith, G.M. (200Analysing ecological data. Springer Science + Business
Media, LLC.

23



